Objectives. The purpose of this study is to examine the association between Internet use among retired older adults in the United States and changes in a commonly used predictor of depression (the CES-D).
D
EPRESSION is a serious health issue among older adults in the United States. Late-life depression affects between 5 and 10 million Americans aged 50 and older, with nearly 8% of the aged population reporting current depression. The percentage is even higher, almost 20%, when examining a lifetime diagnosis of depression (National Institute of Mental Health [NIMH] , 2009, p. 6), some type of mental disorder (U.S. Department of Health and Human Services [USDHHS], 1999), or clinically relevant depressive symptoms (Federal Interagency Forum on Aging-Related Statistics [FIFARS], 2004) . Suicide rates, often associated with depression, are highest among older adults (Hoyert, Kochanke, & Murphy, 1999; Trocchia & Janda, 2000) . In addition to bereavement, disability/ health declines, and prior depression (Cole & Dendukuri, 2003) , dominant, and potentially modifiable, risk factors for depression in older adults include social isolation, decreased social contact, and lack of emotional support (Bradley & Poppen, 2003; Cacioppo et al., 2006; Eastman & Iyer, 2004; George, 1996; Wright, 2000) .
Using the Internet can help to reduce social isolation, loneliness, and depression, as well as enhance social support among older adults (Blit-Cohen & Litwin, 2004;  help them make decisions, which all enhance well-being. Berkowsky (2012) has shown that even when accounting for the potential mediating effects of social integration, Internet use is still positively associated with well-being among older adults.
With few exclusions (Berkowsky, 2012; Cotten, Ford, Ford, & Hale, 2012b) , the conclusions from prior research have been challenged due to small sample sizes (Dickinson & Gregor, 2006; Huang, 2010) . In attempting to overcome sample size challenges, Cotten and coworkers (2012b) , using a large cross-sectional sample (n = 7,839) from the Health and Retirement Survey (HRS), find that Internet use substantially reduces the incidence of depression among retired older adults in the United States. A variety of statistical and econometric methods all confirmed a favorable effect, with Internet use reducing depression categorization by 20%-28%. Although the large sample permitted more advanced techniques, the findings were based on a single, cross-section of data (year 2006) . Unlike some health issues, however, research indicates that depression, at least in some forms, is a highly recurrent condition that may persist over a number of years (Burcusa & Iacono, 2007; Solomon et al., 2000) . As a consequence, a current depression state may depend on a past depressive state; thus, the estimated relationship between Internet use and depressive symptoms reported in that study could be biased.
In an effort to account for the possibility of state dependence of depression symptoms, this study exploits the longitudinal nature of the HRS (2002) (2003) (2004) (2005) (2006) (2007) (2008) , including primarily the data prepared by the RAND Center for the Study of Aging, to study the role of past depression and Internet use on current depression in retired older adults in the United States. Given the large scope of the study, the goal is not to test a formal theoretical model specifying the pathways through which Internet usage may affect depression among older adults. Rather, we examine the role of past depression and Internet use on current depression. Quantification of these relationships was accomplished using a dynamic probit model, which in some cases is enhanced by matching algorithms. The longitudinal nature of the data also permitted informal testing for confounders, lending credibility to the causal nature of the relationships.
Method

Sample
The HRS is longitudinal household survey data for the study of retirement and health in the United States, surveying more than 22,000 persons over the age of 50 every 2 years, rendering a sample of about 21,000 observations in each wave. We employed four waves of biennial data covering the years 2002 through 2008. Like other studies that limit attention to subsets of the HRS population (Gallo et al., 2006; Siegal et al., 2003) , the sample for this study is limited to retired, nonworking respondents (n = 30,413). Retired persons are a population of interest, particularly because one mechanism by which Internet use may affect depression is to counter the effects of isolation. Also, working individuals may be required to use the Internet rather than choosing to and may use the technology for different reasons than those not working. Unfortunately, the HRS data set does not include appropriate measures that would allow us to examine this differential in a satisfactory manner. Given these and many other reasons to suspect the pathway from Internet use to depression is heterogeneous across working and nonworking older adults in the United States, and the challenges of addressing such heterogeneity using the HRS data, this article focuses on the latter group, without precluding a study of the former in future research. Additional heterogeneity in the sample was limited by excluding from the sample proxy respondents (n = 1,614), respondents living in a nursing home (n = 329), respondents whose reported age is less than 50 years (n = 58), and respondents lacking data on the CES-D (n = 37) and Internet use (n = 17) variables. In light of the dynamic specification of the model, a sample was constructed by including only respondents with complete data records across the sample period. The final sample is 3,075 respondents in each of the four years data was collected or 12,300 (unweighted) observations in the full sample.
The HRS is a nonrandom and stratified sample, and we have limited the sample in a number of ways. In an effort to make our findings representative of population effects, a Raking algorithm was used to create respondent weights. National averages for education, gender, race (White, Black, and Hispanic, the latter are both oversampled in the HRS), and marital status were computed from the American Consumer Survey (year 2004) for nonworking persons over the age of 50. Weights are then computed with the Raking algorithm (using IPFWEIGHT in Stata), using the HRS respondent weights as starting values, so that the sample means of the covariates match the population averages. The use of lagged values in estimation and the effects of weighting leaves an estimation sample of 3,058 respondents and 9,174 observations.
Depressive Symptoms
Depression is measured using an eight-item version of the Center for Epidemiologic Studies (CES-D) scale calculated as the sum of dysphoric (yes/no) responses to eight question (McDowell & Newell, 1996; Radloff, 1977) . The CES-D is a commonly used measure of depression in older adults (Gallo et al., 2006; Mezuk, Bohnert, Ratliff & Zivin, 2011; Radloff & Teri, 1986; Steffick, 2000) and is the only measure of depression included in the HRS. In the HRS, the CES-D has values ranging from 0 to 8, with a score of 8 indicating the most depressive symptoms. The eight-item CES-D has a dimension of 2 8 (or 256 unique outcomes), which is too large to reasonably accommodate as a dependent variable of a statistical model. Consequently, it is common for researchers to interpret the CES-D as a count variable, either evaluating the count itself (using, e.g., Poisson or ordered binomial regression) or converting the count into a dichotomous variable indicating depression "caseness" when the CES-D is "large." Research suggests that the appropriate cut point for depression "caseness," based on matching the 8-item to the 20-item CES-D, is CES-D ≥ 4 dysphoric responses (Steffick, 2000) , and a threshold level of ≥ 4 is common in the literature (Blustein, Chan, & Guanais, 2004; Mezuk, Bohnert, Ratliff, & Zivin 2011; Mojtabai & Olfson, 2004; Nygaard, Turvey, Burns, Crischilles, & Wallace, 2003; Steffick, 2000) . Given the goal of assessing the effects of Internet use on the respondent being in a depressed state, the outcome of interest in this study is a dummy dependent variable with a value of 1 when the CES-D ≥ 4. The dummy variable is constructed for and is thus unique to each wave in the sample. Evaluating the CES-D in count form has valid motivations, but such interests are not the focus of this work. In count form, the statistics address the effect of Internet use on the mean CES-D score, not whether the CES-D count is large enough to reliably indicate a depressed state. The sample mean CES-D is 1.4, which is well below the commonly used threshold for a "depressed state." Also, given that only about 12% of the sample is classified as being in a depressed state (CES-D ≥ 4), it is very possible for Internet use to have a sizable effect on depression yet have only a small effect on the mean of the CES-D. Alternately, Internet use could be mean shifting, yet have a small effect on severe depressive systems. So, while the effect of Internet use on the mean CES-D may be of interest in certain contexts, our focus is rather on Internet use and its effect on a depressed state, which research implies is reliably indicated by a relatively large number of dysphoric responses to the CES-D questions. Preliminary analysis revealed that Internet use does reduce the mean of the CES-D in this sample (results available upon request). We also found that results were robust (though of different magnitudes) to alternative specification of the cutoff value of the CES-D (i.e., 3 or 5), and as would be expected, the size of the effect was only somewhat affected by the change.
Internet Use
Internet use is based on a direct question asking participants, "Do you regularly use the World Wide Web, or the Internet, for sending and receiving e-mail or for any other purpose…?" The response is dichotomous (1 = Yes, 0 = No).
Covariates
Potential confounders to include in the dynamic model were identified from prior research on the determinants of depression (Cotten et al., 2012a; Dooley & Prause, 2004; Gallo, Royall, & Anthony, 1993; Gallo et al., 2006; Link & Dohrenwend, 1989; Mezuk et al., 2011; Penninx et al., 1998) . Descriptive statistics are summarized in Table 1 . We divided the covariates into time-invariant and time-varying factors.
Time-invariant factors.-Variables fixed in the sample include (the natural log of) age (in years); gender (1 = male); three variables for race (1 = Black; 1 = Hispanic; 0 = others); and education (1 = more than a high school education).
Time-varying factors.-Variables updated for each wave include marital status (1 = married and living with spouse); the frequency of vigorous physical activity (1 = physically active at least once weekly); debilitating health condition (1 = has a debilitating physical health condition); (the natural log of) household size; seasonal affective disorder (1 = survey taken in months of November, December, or January) . Also included are dummy variables for each wave (except the final wave). Note. HH = household. Statistics computed using data from all four waves. The first wave is lost in estimation due to lags.
Statistical Analysis
As discussed earlier, a respondent is taken to be in a depressed state if his or her CES-D ≥ 4, so the outcome of interest is dichotomous. Because current depression may depend on a past depressive state, our model is dynamic in specification. Also, the sample includes data for a large number of respondents but only over a few years and some covariates are time invariant, so the effect of Internet use is estimated using a dynamic random effects probit model.
In order to control for the initial conditions problem, we used the Conditional Maximum Likelihood Estimator (CMLE; Wooldridge, 2005a) . Estimation of the CMLE involves a probit regression where a bivariate measure of depression is regressed on a one-wave lag of depression, Internet use in the current wave, the covariates listed earlier, the dependent variable in the first wave of the sample (year 2002), and lead and lag values of the (time-varying) covariates including Internet use. Including two survey wave dummy variables, there were 41 total regressors. This augmented regression model was then estimated as a standard random effects probit model. Average partial effects were estimated in the manner detailed by Wooldridge (2002, p. 495; 2005b) , conducting hypothesis tests using the bootstrapped standard errors and t-statistics (t b ) computed using 50 repetitions.
We evaluate the robustness of our findings in two ways. First, the HRS data are observational and Internet use is not randomly assigned. Even though the econometric model includes a large number of covariates, the estimated treatment effect on Internet use may still be poorly estimated if users and nonusers are demographically very different (Imbens & Wooldridge, 2009 ). This problem arises from the extrapolation inherent to regression models. Not surprisingly, there are some differences in the covariate distributions across Internet use, with Internet use being much higher for younger, married, and more educated respondents, and less likely among Blacks and Hispanics. To address this concern, we apply a matching algorithm to the data, thereby ensuring sufficient overlap of the covariates. Second, we address the unconfoundedness assumption, which states that there are no unobserved covariates affecting both Internet use and depression that would lead to spurious correlation. If the assumption is false, then we may contribute to Internet use the effect of some unobserved covariate that is influencing the level of both Internet use and depression. By exploiting the time series component of the data, we conduct an informal test of the unconfoundedness assumption by assigning pseudotreatments to nonusers. Figure 1 illustrates the steps taken to select the sample and conduct our data analysis.
Results
We performed all calculations and data management using Stata (Version 12), and all p values refer to twotailed tests. The weighted mean of the dependent variable was found to be relatively stable across time (2002, 13.5%; 2004, 12.8%; 2006, 14.4%; 2008, 15.4%) . The full sample mean of the dependent variable was 14.0%, with Internet users having a mean 9.1% and nonusers of 16.1%. About half (48.6%) of those categorized as depressed in the current wave were also depressed in the preceding wave. Internet use was also stable over the four waves (28.9%, 30.4%, 30.0%, and 29.6%), with 85% of users in a current wave also being users in the preceding wave.
The weighted dynamic random effects probit model is estimated with 9,174 observations. Estimated coefficients and their t-statistics are summarized in Table 2 , Model 1 (excluding the lead and lag values of the covariates). Seven of the 9 demographic covariates in the model are statistically different from zero at the 5% level or better. Depression categorization declines with age and is less common among married persons, males, more educated persons, and those engaging in vigorous physical activity at least once a week. Having poor health, assessed as a debilitating physical health condition, has a strong positive effect on the likelihood of being depressed, and the positive signs on the survey month variables (with November being statistically significant) provide some support for Seasonal Affective Disorder (Lurie, Gawinski, Peirce, & Rousseau, 2006) . Hispanics are more prone to depression than others. Household size does not appear to influence depression. Based on the period fixed effects, we find a slight increase in depression over time, though the coefficients are statistically significant only at the 10% level. Depression is highly persistent: Those in a depressed state in the prior Figure 1 . Sample selection and data analysis steps.
wave are about 50% more likely to be depressed in the current wave (predicted means of 8.4% and 12.9%), and being in a depressed state in the first wave of the sample greatly increases the probability of later depression (predicted means of 0.062% and 25.3%).
Turning to the key question of the relevance of Internet use, the coefficient on Internet use is −0.304 (t-statistic = −2.49 [p = .013]). Internet users are less likely to be in a depressed state than are nonusers. Other things constant, Internet users have an average predicted probability of depression of .07, whereas that probability for nonusers is .105. Based on the difference, Internet use leads to a 33% reduction in the probability of depression (t b = 1.98, p < .05). This effect is comparable to, though larger than, the results from the cross-sectional analysis (year 2006) reported by Cotten and coworkers (2012b) .
Coarsened Exact Matching
In an effort to evaluate whether covariate imbalance between Internet users and nonusers influences the estimated treatment effect, we employed Coarsened Exact Matching (CEM), which has several advantages over more traditional propensity score matching algorithms, to ensure comparable covariate distributions across Internet users and nonusers (Iacus, King, & Porro 2012) . The matching algorithm is applied to the 2004 cross-section and the weights then distributed across all waves. All demographic variables are used in the matching algorithm. The balanced, weighted estimation sample was 7,212 observations (2,404 for each wave). The results are presented in Table 2 , Model 2. For Internet use, the CEM-weighted results from the CMLE model were larger than those obtained from the full sample. The coefficient on Internet use is −0.48 (t = −3.52, p < .01), for a percentage reduction in the dependent variable of 48% (with a predicted probability of depression of .045 for Internet users and .086 for nonusers). Covariate imbalance attenuates the estimated treatment effect of Internet use on depression.
Unconfoundedness
A core assumption required for the estimation of causal effects is that of unconfoundedness (Imbens & Wooldridge, 2009; Pearl, 2009 ). Although there is no direct test of unconfoundedness, there are indirect means by which to assess its presence, usually by testing the null hypothesis that an average treatment effect is zero when the effect is known to be zero. For example, if one wanted to test whether or not a training class had an effect on job performance, there could be a concern that those receiving the training were handpicked because of an expectation of superior performance (i.e., a nonrandom selection). A result suggesting the program was effect may, in fact, merely reflect the nonrandom selection into the program of better employees. By testing for group differences in performance prior to the class, the presence of an unobserved cause of superior performance can be determined. In the presence of time series data, it is possible to evaluate the effect of future treatment on an outcome determined prior to the treatment (Imbens & Wooldridge, 2009, p. 48) . We used that approach. For our informal test, we first took the data from period t and exclude all Internet users from that period. Then, for these nonusers, we divided the sample into two groups, g 0 and g 1 , based on observed Internet use in period t + k, with g 1 being Internet users in t + k and g 0 remaining nonusers. Presumably, those nonusers in period t who become users in period t + k (group g 1 ) are those most likely to have high values of the potential unobserved factor. By assigning a pseudotreatment to group g 1 , we are, in essence, testing for the influence of a confounder and not the treatment because the treatment has yet to be applied (it is applied in the future). In the first case, we took nonusers from the 2004 cross-section and assigned values to the pseudotreatment based on actual future Internet use in year either 2006 or 2008. With this data, we ran a cross-section probit model to test the null hypothesis that the pseudotreatment has no effect; a null hypothesis we know to be true in the absence of confounders. We also assigned pseudouse to nonusers in the 2006 wave based on actual use from the 2008 wave.
In all, there were three probit models, and we summarize the key findings here (details are available upon request.) First, we estimated the model using data for the full sample from 2004 and include actual Internet use data to confirm that the effect of Internet use is negative and statistically different from zero (n = 3,058). The coefficient on Internet use is −0.165 with a t-statistic of −2.16 (p < .05), giving a reduction in depression categorization of 23%. Dropping all Internet users from the 2004 period and assigning 2006 Internet use as a pseudotreatment to nonusers (6.5% of 2,082 observations), the estimated coefficient on use is 0.21 with a t-statistic of 1.34 (p = .18). The null hypothesis of "no effect" is not rejected (and the coefficient is positive). Using the 2008 Internet use data as a pseudotreatment for the 2004 sample of nonusers (8.0% of the sample), the estimated effect on Internet use is 0.151 with a t-statistic of 0.98 (p = .33). In both cases, the estimated coefficient is small, of the wrong sign, and the null hypothesis of "no effect" cannot be rejected. Although we cannot claim that these findings represent a formal statistical test of the unconfoundedness assumption, the results add credibility to the causal nature of our findings on Internet use and depression.
Mediation
Although the literature suggests Internet use may affect depression through isolation and loneliness, an extension of the model is to test for mediating factors related to isolation between Internet use and depression. A full investigation of mediation is beyond the scope of this article, but we provide some potentially supportive evidence of mediation here. Generally speaking, we expect persons living alone, or at least living with very few persons, to be more vulnerable to isolation and loneliness than are those living in larger households that offer greater social interaction. A variable measuring (the natural log of) household size was included in the probit model above but was found to have no influence on the incidence of depression. To test for mediation of household size on depression, we augment the probit model with an interaction term between household size and Internet use. If Internet use operates on depression by reducing isolation, then we expect the treatment effect of Internet use on depression will be attenuated by increases in household size.
The estimated model is provided in Table 2 , Model 3. As expected, the sign on the interaction term is positive (0.349)-household size attenuates the treatment effect of Internet use on depression. Table 3 summarizes the findings by household size. The coefficient of Internet use is largest for those persons living alone (−0.510) and next largest for those living with one other person (−0.266), and both marginal effects are statistically significant at the 5% level or better. These two groups account for 87% of the respondents in the sample. About 8% of the respondents live with three persons, and although the coefficient for this group is negative, we cannot reject the hypothesis the effect is zero. In fact, the null hypothesis of no effect cannot be rejected for household sizes of three or more persons. We suspect small sample sizes for larger households make it difficult to precisely estimate coefficients for these types. Nevertheless, these results are comport with intuition and provide some evidence, albeit preliminary, that the pathway between Internet use and depression may, in part, be the remediation of isolation and loneliness.
Discussion
The aim of this study was to assess whether Internet use has any effect on depression categorization of This study makes significant contributions to the study of Internet use and depression in the older, retired population. First, the probative value of the existing literature was handicapped by small samples, which also limited the sophistication of the statistical procedures employed to quantify any effect. Our sample is large and drawn from data frequently used to study the mental well-being of older adults (and others). Second, depression is often a recurrent condition (Burcusa & Iacono, 2007; Solomon et al., 2000) , and our statistical method allowed past depression to affect current depression. Third, Internet users are demographically different than nonusers. We applied a matching technique to ensure adequate covariate overlap and found that the effect of Internet use remained intact and unchanged. Fourth, the longitudinal nature of the data permitted an informal test of the unconfoundedness assumption. The results were highly favorable. Pseudotreatments were found to have small and statistically insignificant coefficients. These results lend credibility to the causal nature of our findings. Finally, we find that the effect of Internet use on depression is mediated by household size, a result consistent with prior research indicating that Internet use influences depression by reducing isolation and loneliness.
There are some potential limitations to our analysis. First, to reduce heterogeneity that could be difficult to account for, the sample was limited to nonworking retired persons, those not living in nursing homes, and other considerations. The role of Internet use for those excluded from the sample is an issue worthy of study. Second, the HRS contains only the simplest measure of Internet use-a yes/no response to use of any sort. As such, we could not distinguish between the use of high-speed and dial-up Internet services, which could be important (Davison & Cotten, 2009; Hale, Cotten, Drentea, & Goldner, 2010) . The type, timing, function, and amounts of Internet usage may also be relevant to the depression outcome (Cotten et al., 2011 ), but we were unable to address such specifics.
Notwithstanding these limitations, this study makes some important contributions to research on the role of Internet use on mental health. We applied a dynamic econometric model to a large, longitudinal data set and found Internet use to have a sizeable effect on mental health; these results were robust to sample matching across users and nonusers; and we presented evidence supporting the causal nature of our results through an informal test of the unconfoundedness assumption. These are all new contributions to the research on Internet use and the mental well-being of older adults. Our findings also suggest that one pathway through which Internet use affects depression is through loneliness and social isolation. Researchers and those seeking to enhance the well-being of older adults will want to further pursue this potential pathway to determine which aspects of loneliness and isolation can be decreased through Internet use (Cotten et al., 2013) .
